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1
IMAGE OBJECT RECOGNITION BASED ON
A FEATURE VECTOR WITH CONTEXT
INFORMATION

BACKGROUND

Object recognition may involve determining the presence
of'an object in an image based on a statistical comparison of
the features of the image to features representative of the
object. A processor may create feature vectors where each
feature vector includes information about the local features of
the image in a particular area of the image. The processor may
analyze a group of feature vectors to determine the likelihood
of a particular type of object appearing in the image.

BRIEF DESCRIPTION OF THE DRAWINGS

The drawings describe example embodiments. The follow-
ing detailed description references the drawings, wherein:

FIG. 1 is a block diagram illustrating one example of an
apparatus to recognize an object in an image based on a
context expanded feature vector.

FIG. 2 is a flow chart illustrating one example of a method
to recognize an object in an image based on a context
expanded feature vector.

FIG. 3 is a diagram illustrating one example of recognizing
an object in an image based on a feature vector expanded with
context information from adjacent areas of the image.

FIG. 4 is a diagram illustrating one example of recognizing
an object in an image based on a feature vector expanded with
context derivative information.

FIG. 5 is a diagram illustrating one example of recognizing
an object in an image based on a feature vector expanded with
context derivative information and adjacent area information.

FIG. 6 is a diagram illustrating one example of a flow chart
of' a method to recognize an object in an image based on a
context expanded feature vector.

DETAILED DESCRIPTION

Automatic object recognition may be used to determine the
content of images, for example, to organize or edit images.
Feature vectors may be vectors that represent information
about the local features in a particular area of the image. For
example, each of the vector values may represent information
about a particular local feature in the area represented by the
feature vector. The feature vector, such as a Scale Invariant
Feature Transform (SIFT) vector, may assume the indepen-
dence of the local features and limit itself to the features in the
particular area covered by the feature vector. Object recogni-
tion methods, such as bag-of-words classifier and support
vector machine classifier, may be used to analyze feature
vectors of different areas of the image to determine the prob-
ability of a particular type of object being present in the
image.

In one implementation, a feature vector is expanded to
include both information about the features of a particular
area of the image represented by the feature vector and infor-
mation about context related to the features of the particular
area of the image. The context information may include, for
example, information about features of adjacent areas of the
image and/or information about a rate of change of features
from the area of the image. The expanded feature vector may
then be analyzed using object recognition methods to deter-
mine the likelihood of the presence of a particular type of
object.
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Analyzing feature vectors including context information
may improve the accuracy of object recognition methods.
Feature vectors that do not include context information may
incorrectly assume that local image features are independent
Expanding feature vectors to include context information
allows for local low level context information to be taken into
account when performing object recognition.

FIG. 1 is a block diagram illustrating one example of an
apparatus 100 to recognize an object in an image based on a
context expanded feature vector. The apparatus 100 may cre-
ate an expanded feature vector that includes information
about the features ofthe area represented by the feature vector
as well as context information related to the area. The context
information may be related to local image features that pro-
vide context to the image features covered by the feature
vector. The apparatus 100 may analyze the feature vector to
recognize an object within the image. The apparatus 100 may
include a processor 101 and a machine-readable storage
medium 102.

The processor 101 may be a central processing unit (CPU),
a semiconductor-based microprocessor, or any other device
suitable for retrieval and execution of instructions. As an
alternative or in addition to fetching, decoding, and executing
instructions, the processor 101 may include one or more
integrated circuits (ICs) or other electronic circuits that com-
prise a plurality of electronic components for performing the
functionality described below. The functionality described
below may be performed by multiple processors.

The processor 101 may communicate with the machine-
readable storage medium 102. The machine-readable storage
medium 102 may be any suitable machine readable medium,
such as an electronic, magnetic, optical, or other physical
storage device that stores executable instructions or other data
(e.g., a hard disk drive, random access memory, flash
memory, etc.). The machine-readable storage medium 102
may be, for example, a computer readable non-transitory
medium.

The machine-readable storage medium 102 may include
instructions executable by the processor 101. For example,
the machine-readable storage medium 102 may include
expanded feature vector creation instructions 103, object
presence determination instructions 104, and object informa-
tion output instructions 105.

The expanded feature vector creation instructions 103 may
include instructions to create a feature vector that includes
information about the area covered by the feature vector in
addition to context information related to the area covered by
the feature vector. The expanded feature vector may indicate
the local features of the particular area as well as the interac-
tion with other areas. The expanded feature vector may be
created in any suitable manner. The information may be
aggregated or summarized. In one implementation, the
expanded vector is created by stacking the feature vector for
the area with a context information feature vector.

An image may be divided into sections, such as in a grid
pattern, and a feature vector may be associated with each
individual section. An expanded feature vector may include
information about the section covered by the feature vector as
well as context information about the local features nearby
the section covered by the feature vector.

The context information may include, for example, infor-
mation about the local features of areas of the image nearby
the particular area. For example, the processor may determine
a window around the area and include feature information
about grid positions within the window. The feature informa-
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tion for the other grid positions may be determined in the
same manner as the feature information for the particular area
covered by the feature vector.

In one implementation, the context information includes
comparison information related to areas of the image in a
window surrounding the area. For example, a derivative of the
features of the particular area may be determined and
included in the expanded feature vector. The derivative may
be any order, and any number of derivatives in any suitable
directions may be used. The derivative context information
may provide information related to the dynamic features in
the area of the image.

The object presence determination instructions 104 may
include instructions to analyze the expanded feature vector to
recognize an object within the image. Any suitable method
may be used. In one implementation, a bag-of-words classi-
fier method is used to recognize an object within the image
based on an expanded feature vector. In some cases, the same
methods or similar methods to those used to analyze a feature
vector may be applied to an expanded feature vector.

Any number of feature vectors related to the image may
include context information. For example, the entire set of
feature vectors or a subset of the feature vectors may be
expanded feature vectors with context information. The pro-
cessor 101 may analyze any number of the feature vectors
related to the image to determine the likelihood of the pres-
ence of a particular type of object within the image. As an
example, the feature vectors may be analyzed to determine
the presence of a human face in the image, and the location of
the face may be determined based on the location of the
feature vectors indicating a face.

The object information output instructions 105 may
include instructions to output information about the object
determined to be in the image. Information about the object
may be stored, displayed, or transmitted. The information
may be any suitable information, such as information about
the object and the probability of the object being presence in
the image. In some implementations, the machine-readable
storage medium 102 may include additional instructions to
process the image based on the recognition of a particular
type of object within the image. The processor 101 may
output additional information about the detected object, such
as location or other characteristics.

FIG. 2 is a flow chart illustrating one example of a method
to recognize an object in an image based on a context
expanded feature vector. For example, object recognition
methods, such as a bag-of-words classifier method may be
applied to feature vectors that include values indicating fea-
tures of the particular area represented by the feature vector.
An expanded feature vector may be created where the feature
vector includes both values indicating features of the particu-
lar area and values providing context information related to
the features of the particular area. The context information
may indicate information about the local features nearby the
particular area of the image. An object recognition method
may then be applied to the expanded feature vector such that
individual areas and their context within the image are taken
into account when determining the probability of a presence
of a particular type of object within the image. The method
may be implemented, for example, by the processor 101 in
FIG. 1.

Beginning at 200, a processor creates an expanded feature
vector related to a first area of an image including context
information related to the first area. The image may be, for
example, retrieved from a storage or received from a remote
source via a network. The image may be any image content in
any suitable format, such as a JPEG image. The area of the
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image may be determined in any suitable manner. For
example, the image may be divided into a grid pattern, and a
feature vector may be created for each grid position to repre-
sent the local features of each grid position. Each vector value
may represent a different feature of the grid position. The
features may be related to, for example, color, texture, edges,
or intensity. The features may also be color or intensity gra-
dient based features, such as Scale-invariant Feature Trans-
form (SIFT) or Histogram of Oriented Gradients (HOG).

The context information may be, for example, information
related to the area around the area covered by the feature
vector. For example, the feature vector may include feature
information about the features in grid positions adjacent to or
near the grid position of the feature vector. In some cases, the
grid positions are not adjacent, such as where more important
information for object recognition is not included in an adja-
cent grid position. In one implementation, the processor
includes feature information of eight grid positions adjacent
to the grid position. The processor may determine a window
centered around the grid position of the feature vector. The
window may be, for example, a square or circular window,
and the feature vectors of the grid positions included within
the window may be included in the expanded feature vector.
In one implementation, the processor analyzes the features of
the nearby areas to determine which areas information to
include within the expanded feature vector.

The feature vector may include the context information by
combining the feature information with the context informa-
tion. In one implementation, the feature includes values rep-
resentative of the grid position related to the feature vector
and additional values are concatenated in the same vector. For
example, the data may be stacked in the vector such that the
feature vector is stacked with additional feature vectors from
nearby locations in the image. In some cases, the information
may be combined such that it is aggregated or summarized.

In one implementation, the feature vector includes com-
parison information of the area covered by the feature vector
to nearby areas in the image. The context information may be
dynamic feature information describing changes occurring
within the image from the originating grid position across the
spatial space of the image. The processor may determine a
derivative related to the feature vector. For example, the pro-
cessor may determine a velocity or acceleration of a feature
along an x or y axis of the image. Any number and order of
derivative may be used and any number of axes may be used.
In one implementation, a first order velocity derivative is
obtained by taking the finite difference derivatives of the
features of the feature vector over the x and y directions using
afinite length window centered at the grid position associated
with the feature vector, and a second order acceleration
derivative is obtained by taking the finite difference deriva-
tives of the velocity features over the x and y directions using
afinite length window centered at the grid position associated
with the feature vector. The finite length window for the
directive may be any size and position.

As anexample, the velocity along the x direction in the grid
position i,j may be determined as the following where k is a
position indicator:

Aj(X)i,jZEk}FI K (ﬁ+kj_fi—k,j)/ 22le 1k2

The velocity along the y direction in the grid position i,j
may be determined as the following where k is a position
indicator:

Af{y )i,jzxlel k(e jorfi i) 22le 1k2
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The acceleration along the x direction in the grid position
1,j may be determined as the following where k is a position
indicator:

AAf X)i,/':Elel LGV 235K

The acceleration along the y direction in the grid position
1,j may be determined as the following where k is a position
indicator:

AN )i,jzxlel LGN Y 235K

A feature vector may be created that includes original,
velocity, and acceleration features. In one implementation,
the features are stacked in the vector as if the vectors are
combined. In one implementation, the features are aggre-
gated and at least some vector positions include summary
information.

Continuing to 201, a processor determines the presence of
an object in the image based on an analysis of the expanded
feature vector. Any number of feature vectors may be used to
determine the presence of an object in the image. For
example, feature vectors from each grid position in an image
or a subset of grid positions may be analyzed. Any number of
vectors used in the method may include context information.
For example, the entire set of vectors or a subset of the vectors
may include context information. In some implementations,
vectors in particular positions or with particular features are
expanded to include context information. Any suitable
method for determining the likelihood of the presence of an
object within an image based on a feature vector may be used.
For example, spatial pyramid matching (SPM), Gaussian
mixture model (GMM), locality constrained coding (LCC),
and fisher vector (FV) may be used.

Moving to 202, a processor, such as the processor 101 from
FIG. 1, outputs information about the determined object. The
processor may display, store, or transmit the information
about the determined object. For example, the information
may be displayed to a user. The information may be used to
determine additional processing within the image. For
example, if a human face is detected, additional processing
may match the face to stored images. In one implementation,
the processor determines a likelihood of the presence of dif-
ferent objects and outputs the objects with the highest likeli-
hood along with the probabilities. The processor may also
output information about the location of the object within the
image.

FIG. 3 is a diagram illustrating one example of recognizing
an object in an image based on a feature vector expanded with
context information from adjacent areas of the image. Image
300 shows an image divided into sections. Each section may
be represented by a feature vector, F1, F2, F3, F4, F5, F6,F7,
F8, and F9. The sections may be any suitable size, such as a
single pixel or a group of pixels. The individual feature vec-
tors may include any suitable dimensions and number of
items, As an example, each feature vector of image 300 has
three vector positions, as shown in block 301 by the F1 feature
vector including vector items F, |, F, ,, and F, ; such that the
first subscript represents the feature vector and the second
subscript represents the position in the particular feature vec-
tor, Each value in the vector may indicate a characteristic of
the area of the image covered by the F1 feature vector. The
other feature vectors may each include three positions. In
some cases, the different feature vectors may contain differ-
ent numbers of values.

A processor may create an expanded feature vector that
includes information from the feature vector of the particular
area represented by the feature vector (F1) as well as infor-
mation about surrounding areas (other grid positions sur-
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rounding F1). As an example, a feature vector for a position
may include the feature vector for that position concatenated
with feature vectors of image positions adjacent to the posi-
tion. Block 302 shows a context information expanded fea-
ture vector for F1. The expanded feature vector 302 includes
the three positions from F1 as well as the feature vectors of the
surrounding areas represented by F2, F3, F4, F5, F6, F7, 8,
and F9. For example, the expanded feature vector F1 includes
the three vector positions for each of the eight grid positions
adjacent to the position for F1. Other implementations are
also possible, such as using a grid position near F1 that is not
adjacent to it or using fewer than the eight grid positions. The
expanded feature vector F1 may then be analyzed using
object recognition feature vector analysis methods.

FIG. 4 is a diagram illustrating one example of recognizing
an objectin an image based on a feature vector expanded with
context derivative information. Image 400 shows an image
divided into sections. For example, a grid maybe overlaid
over the image, and each grid section may be represented by
a feature vector. In image 400, the grid sections are each
represented by one of the feature vectors F1, F2, F3, F4, F5,
F6, F7, 8, and F9. The sections may be any suitable size,
such as a single pixel or a group of pixels. The feature vectors
representing each section may be any suitable dimensions
and number of items. As an example, each feature vector of
image 400 has three vector positions, as shown in block 401
by the F1 feature vector including vector items F, |, F, ,, and
F 5 such that the first subscript represents the feature vector
and the second subscript represents the position in the par-
ticular feature vector. The other feature vectors may each
include three positions.

The F1 expanded feature vector 402 includes the three
positions from the F1 feature vector as well as velocity and
acceleration information related to each of the three positions.
For example, there are three velocity values and three accel-
eration values, one related to each of the three features rep-
resented in the feature vector F1. The velocity and accelera-
tion may describe the change in the feature in the space of the
image originating at F1 within a window surrounding F1. The
derivative information may be used to show change between
the features at F1 across the image. The derivative informa-
tion may include any number and order of derivatives. For
example, a feature vector may include the original features
and velocity or the original features and acceleration features.
The derivative information may include multiple directions,
such as X and Y direction velocity.

FIG. 5 is a diagram illustrating one example of recognizing
an objectin an image based on a feature vector expanded with
context derivative information and adjacent area information.
For example, the types of expanded feature vector from FIGS.
3 and 4 may be combined.

Image 500 shows an image divided into sections with each
section represented by a feature vector, F1, F2, F3,F4, F5, F6,
F7, F8, and F9. The individual feature vectors may include
any suitable dimensions and number of items. As an example,
each feature vector of image 500 has three vector positions, as
shown in block 501 by the F1 feature vector including vector
itemsF, |,F, ,,andF, ;suchthat the first subscript represents
the feature vector and the second subscript represents the
position in the particular feature vector. The other feature
vectors may each include three positions.

The context information expanded feature vector 502
includes feature vectors from areas of the grid adjacent to F1
and includes derivative information related to both F1 and the
adjacent grid position feature vectors. For example, the
expanded feature vector 502 includes the feature vectors for
F1,F2,F3,F4,F5,F6,F7,F8, and F9, and the velocity feature
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vectors of F1, F2, F3, F4, F5, F6, F7, F8, and F9, and the
acceleration vector of F 1, F2, F3, F4, F5, F6, F7, F8, and F9.
Other combinations are also possible, such as different grid
positions of the selected feature vectors and a different num-
ber and/or orders of derivatives. In some cases, the number
and order of derivatives may vary by feature location, such as
where derivative information is included related to some fea-
ture vectors but not related to other feature vectors. The con-
text information expanded feature vector 502 includes addi-
tional information that may allow for better object
recognition. For example, the absolute local features of
nearby areas are included as well as derivative comparison
information to the local features of nearby areas.

FIG. 6 is a diagram illustrating one example of a flow chart
of a method to recognize an object based on a context
expanded feature vector. In some cases additional processing
may be performed on an expanded feature vector prior to
performing object recognition methods, for example, due to
the size and complexity of the expanded feature vector. Start-
ing at 600, a processor creates an expanded feature vector
with context information. Methods to reduce the size of the
expanded vector may be used to make the larger vector amore
manageable size. Moving to 601, the processor may apply
principal component analysis (PCA) to the expanded feature
vector. PCA may be used to reduce the size of the vector while
maintaining the energy. PCA may be useful due to the longer
size of the expanded feature vector. Continuing to 602, the
processor applies linear discriminant analysis (LDA) to the
expanded feature vector. LDA may increase the discrimina-
tive power of the expanded feature vector. The processor may
apply one of PCA and LDA or both. The processor may
evaluate the vector to determine whether to apply PCA and/or
LDA. Other dimensionality reduction methods may be
applied instead of or in addition to PCA and LDA. Proceeding
to 603, the processor performs object recognition methods on
the altered expanded feature vector. Including context infor-
mation on a local level within a feature vector allows for more
accurate object recognition.

The invention claimed is:
1. A computing system, comprising:
a processor to:
overlay a grid on an image, the grid having a plurality of
positions;
determine a feature vector representing each position of
the grid, the feature vector having a plurality of vector
positions, each vector position comprising a vector
item representing a characteristic of the area of the
image covered by the feature vector,
the feature vector comprising context information at
an end thereof, the context information including
derivative information of the feature vector, the
derivative information including a velocity and an
acceleration for each vector item,
the velocity and the acceleration for each vector item
describing a change of the vector item in an area in
the image surrounding the position represented by
the feature vector, and including derivatives in mul-
tiple directions within the area;
determine the presence of an object in the image based
on the feature vector; and
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output information about the determined object.

2. The computing system of claim 1, wherein the processor
is further to apply a dimensionality reduction technique to the
expanded feature vector.

3. A method, comprising:

overlaying, by a processor, a grid on an image, the grid

having a plurality of positions;

determining, by the processor, a feature vector represent-

ing each position of the grid, the feature vector having a

plurality of vector positions, each vector position com-

prising a vector item representing a characteristic of the

area of the image covered by the feature vector,

the feature vector comprising context information at an
end thereof, the context information including deriva-
tive information of the feature vector, the derivative
information including a velocity and an acceleration
for each vector item,

the velocity and the acceleration for each vector item
describing a change of the vector item in an area in the
image surrounding the position represented by the
feature vector, and including derivatives in multiple
directions within the area;

determining, by the processor, the presence of an object in

the image based on the feature vector; and

outputting, by the processor, information about the deter-

mined object.

4. The method of claim 3, further comprising applying a
dimensionality reduction method to the feature vector.

5. The method of claim 3, further comprising:

determining a window surrounding the area;

concatenating feature vectors for areas within the window
to the feature vector.

6. The method of claim 5, wherein the window comprises
a circular or rectangular window around the area.

7. A machine-readable non-transitory storage medium
comprising instructions executable by a processor to:

overlay a grid on an image, the grid having a plurality of

positions;

determine a feature vector representing each position ofthe

grid, the feature vector having a plurality of vector posi-

tions, each vector position comprising a vector item

representing a characteristic of the area of the image

covered by the feature vector,

the feature vector comprising context information at an
end thereof, the context information including deriva-
tive information of the feature vector, the derivative
information including a velocity and an acceleration
for each vector item,

the velocity and the acceleration for each vector item
describing a change of the vector item in an area in the
image surrounding the position represented by the
feature vector, and including derivatives in multiple
directions within the area;

determine the presence of an object in the image based on

the feature vector; and

output information about the determined object.

8. The machine-readable non-transitory storage medium of
claim 7, further comprising instructions to apply a dimension-
ality reduction method to the stacked feature vector.
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